Moving object detection and tracking in video sequences is a task that emerges in various research fields of video processing, including video analysis and understanding, object-based coding and many related applications, such as content-based retrieval, remote surveillance and object recognition. This work revisits one of the most popular deformable templates for shape modeling and object tracking, the Snakes, and proposes a modified snake model and a probabilistic utilization of it for object tracking. Special attention has been drawn to complex natural (indoor and outdoor) sequences, where temporal clutter, abrupt motion and external lighting changes are crucial for the accuracy of the results, also focusing on the ability of the proposed approach to handle specific HCI problems, such as face and facial feature tracking. A variety of image sequences are used to illustrate the method's capability, providing theoretical explanation as well as experimental verification in specific tracking problems.
Introduction
The issues of shape modeling and object tracking are very important for the fields of image and video processing and numerous applications related to them. Many approaches have been proposed in the literature, focusing on either the highest possible accuracy or the lowest computational cost, depending on the application criteria. Among the most popular approaches, the deformable templates 17 known as active contours have come up and drawn special attention in the last decade, dealing with problems like image and motion segmentation 7, 22, 4, 5, 10, 32, 30 , object detection, localization and tracking in video sequences 35, 33, 42, 8 . A variety of applications are involved, such as object-based video coding, remote surveillance, content-based retrieval and object recognition. Regarding the general problem of object localization and tracking, existing approaches cope with two basic cases: when (a) a static camera 21 and (b) a mobile camera 31, 43 captures the examined sequences. For the special case of static cameras, the proposed methods can be divided into two main classes: the feature-based, depending on the extraction of general sequence characteristics and the pixel-based, examining the differences between successive frames using pixels as input features. Based on the motion estimation results, mobile objects are then extracted using a variety of motion segmentation algorithms. For sequences acquired by a moving camera, existing approaches can be divided into two categories: one deriving constraints for object's 2D motion parameters from the 3D motion of the camera 39 and another constructing a 2D parametric motion model for the background dominant motion 27, 21, 40, 43 . In both cases (static and moving camera), using the extracted motion features, various active contour models 41 are then employed to estimate the contours of the mobile objects, dealing with object distortion due to temporal clutter or changes in viewing geometry. A major category of active contours, the Snakes, has been successfully applied to a variety of problems, such as edge detection and tracking 13 . Snakes are based on energy minimization along a curve, that is a curve (or snake) deforms its shape so as to minimize an "internal" and an "external" energy along its boundary. However, various problems concerning these models arise due to strong existence of noise, mostly in natural cluttered sequences 37 , the requirement of an appropriate shape initialization 6 , and/or the parameter tuning 29 . Although snakes, due to their linearity, provide efficient computational times and, thus they can be applicable even in real time problems, automatic handling of the above problems increases the complexity of the algorithms significantly. In this work we try to balance the tradeoff between computational complexity and the efficient solution of the issues mentioned in the previous paragraph. We present a modified snake model, which is relatively robust to parameter tuning while at the same time handles image clutter through the appropriate definition of the external energy term, and a probabilistic utilization of it in tracking contours of moving objects which minimizes the effort devoted to the shape initialization. The proposed method consists of two main steps: the extraction of the "uncertainty regions" of each object in a sequence, and the estimation of the mobile object contours. The term "uncertainty regions" is used to describe the regions in a frame where moving contours are possible to be located, whereas the estimation of the contours consists of an energy minimization procedure based on the proposed snake energy terms. More specifically, the contour of a moving object is estimated first in a few successive frames of a sequence; this can be achieved with appropriate parameter initialization utilizing the proposed snake model. Then, in the current frame, a family of curves is generated by oscillating each point of the lastly estimated curve inside the respective uncertainty regions; these regions are extracted using the displacement history of each point of the contour. The procedure of picking out the correct curve, representing the contour of the moving object in the current frame, is obtained as the solution of an energy minimization problem. In order to reduce the computational complexity of the proposed method, we follow a force-based approach, converting energy terms to respective forces, and the individual terms that form the overall model are appropriately defined and justified. Special attention has been given to accuracy, enabling the proposed approach to result in efficient solutions in a variety of applications involving different classes of objects and object movements even in sequences with complex noisy backgrounds. Moreover, computational complexity is kept low, aiming at applications that require fast implementation of object tracking techniques. The paper is organized as follows. In Section 2, the theoretical background of the Snakes is given, while in Section 3 the proposed modified snake model is described. In subsection 3.1, we describe some morphological operations that are used for image enhancement purposes and for the extraction of some useful image features that improve the proposed snake model's accuracy. In Section 4, the object tracking problem is posed and the proposed approach is extensively described and theoretically testified in a variety of cases, where common problems of contour estimation and tracking emerge. In Section 5, the proposed method's performance is experimentally tested in natural sequences, where objects of different size and shape complexity are tracked in cluttered environment. Finally, in Section 6, conclusions are drawn about the efficiency of the proposed method and a brief description of further work is given.
Snake Model
Active contour models were first introduced by Kass et al. 18 through the so-called snake models. In general, snakes concern model and image data analysis, through the definition of a linear energy function and a set of regularization parameters. This energy function consists of two parts: (a) the data-driven component (external energy), which depends on the image data according to a chosen criterion and (b) the smoothness-driven one (internal energy), which enforces smoothness along the snake. The goal is to minimize the total snake energy and this is achieved iteratively, after considering an initial estimate for the object shape (prototype). Once such an appropriate initialization is specified, the snake can converge to the nearby energy minimum, using gradient descent techniques. According to the above formulation, a snake is modeled as being able to deform elastically, but any deformation increases its internal energy causing a "restitution" force, which tries to bring it back to its original shape. At the same time, the snake is immersed in an energy field (created by the examined image), which causes a (a) (b) (c) force acting on the snake. These two forces balance each other and the contour actively adjusts its shape and position until it reaches a local minimum of its total energy. Fig. 1 presents an example of image segmentation using a snake. In Fig. 1 (a) the snake is initialized (manually) near the head, which is the object of interest. The snake gets attracted to the salient edges of high gradient ( Fig. 1(b) ) and is finally locked at the head boundary ( Fig. 1(c) ).
The main problem that snakes deal with is that usually this initial approximation (snake initialization) must be close to the object boundaries; otherwise the procedure may be trapped in local minima and give insufficient results. Moreover, in case of strong existence of noise (temporal clutter and/or external lighting changes), when the edges at object boundaries are relatively smooth, or when the background is complex and does not provide smoothness close to object boundaries, snakes turn out to be inefficient. Let us consider a snake C snake , which represents a curve defined by a position vector X = (x(p), y(p)) on the image plane, and is parameterized by a p, 0 ≤ p ≤ P . The total energy function of the snake C snake , is then a weighted summation of an internal energy factor E int , corresponding to the summation of a bending and a stretching energy term, and an external energy factor E ext , which denotes how the snake evolves according to the examined image features:
e int (p)dp,
where e int (p) and e ext (p) are the respective internal and external energy terms defined for each point p of the curve, whereas a and b are the normalization parameters. For the internal energy Eint, a variety of definitions have been proposed, according to the application in hand, and thus several examples of such energy terms can be found in the literature; indicatively three approaches are mentioned: the B-snake 9 , where the curve is approximated by B-spline polynomials, the affine-invariant (AI-) snake 15 and the curvature-based snake 36 models. On the contrary, in most of the approaches, the external energy term for each point p of the snake, is generally defined as:
where (4) it can be easily seen that in smooth regions of the image I, where image gradient is relatively low, the external energy term takes values close to 1 (maximum), whereas in regions including (or close to) edges, the image gradient (normalized so as to have maximum value euqal to 1) is high and the external energy term takes values close to 0. In this sense, the external energy forces the snake towards the most salient edges of the image, during the total energy minimization procedure. In fact, in natural sequences with the presence of clutter and complex backgrounds, such a definition of external energy usually leads to inadequate results, due to background edges that are close to objects having smoother ones, or due to the presence of edges in the interior of the object boundaries; especially in noisy images, even if the snake initialization is very close to the desired contour, such a criterion leads to insufficient results. After the definition of the energy terms, the procedure of snake's convergence to the object boundary is given by the solution of its total energy minimization: Fig. 2 illustrates the snake self-adjustment so as to minimize its total energy. The prototype (snake initialization) is denoted by continuous line while the respective new positions of the snaxels, which provide the optimal shape corresponding to the energy minimum, are presented by dots. The minimization of the snake total energy function is usually achieved by following the gradient descent approach, utilizing algorithms of dynamic programming.
Proposed Snake Model
The proposed model adopts the above described snake formulation, regarding the total energy minimization, but gives different definitions to the respective energy terms. The aim of defining the respective energies as presented below, is the optimum utilization of the snake model in tracking a contour in natural video sequences, even in case of strong existence of temporal clutter. Let us consider again a snake C snake , defined by the position vector X = (x(p), y(p)) on the image plane, and parameterized by p. The internal energy of the snake is then defined in terms of the snake curvature K snake and its point density distribution DV snake , considering that the snake points are not equally spaced along the curve:
The first and the second derivatives of (x, y), define the velocity and the acceleration, along the curve:Ẋ = [ẋ,ẏ] = [ dx dp , dy dp ],
Practically, in the discrete case, as in our implementation, the snake is defined by
, corresponding to the spatial coordinates (x i , y i ) on the image plane. Thus, the derivatives of (x, y) at each site V i , are obtained using the neighboring points V i−1 and V i+1 , e.g for the first derivatives:
Also, according to its definition, the sign of the curvature is positive, if the contour is locally convex, and negative if concave. Moreover, curvature distribution/function uniquely defines a curve and it does not significantly change as the desired object moves, while it can uniquely define a propagating curve at different time instances. However, it should be stated that curvature is not affine-invariant and thus it is inappropriate for shape modeling in object recognition problems 15,1 . In the proposed snake model the points constituting a curve are not equally spaced and thus the distances between successive points represent the local elasticity of the snake. As can be easily seen from eqs. (7) and (8) , the term "local elasticity" we use, is actually the norm of the velocity along the curve, , i.e DV snake = Ẋ . In our implementation, a slight variation in the curvature of the snake, corresponding to relative smooth parts of it, leads to low point densities, whereas greater variation in the curvature distribution leads to higher point densities. Thus, the point density distribution represents the constraint that the snake elasticity should not significantly change in successive frames of a sequence. However, it should be noted that both curvature and elasticity terms, not being affine-invariant, they cannot determine snake point correspondences between two successive frames of a video sequence. That is, in case of object affine transformations, due to the projected motion on the image plane, such as objects moving towards the shooting camera, rotations, or even camera zooming, these terms are not adequate to define the correspondences between snake points. This problem is crucial to object recognition, but in our method these terms are used as curve similarity criteria for the objects contour in successive frames, as will be explained in the following sections. Fig. 3 illustrates these two distributions of a given curve. In Fig. 3(a) , the snake is locked at the desired object (car) boundary. The curve points shown on the snake correspond to indicative parts of along the curve, where the variance of curvature and point density distribution is high. The respective distributions are illustrated in Figs. 3(b,c) , where the marked points are also presented in dots. As it is shown, smooth parts of the snake correspond to curvature values near the zero value, whereas rough parts of it correspond to high variance of the curvature distribution. Using the definitions of eqs. (6) and (7), the snake internal energy term, for a point p, is given by,
In cluttered sequences, in case of edges at object boundaries being relatively smooth, or when the background is complex and does not provide smoothness close to object boundaries, the external energy term, defined in eq. (4), turns out to be inefficient, as explained above. Another term is therefore introduced, minimizing the local variations of the image gradient, preserving the most "important" image regions. This is achieved through morphological operations leading to a modified image gradient. In particular, in eq. (4), the expression ∇G σ * I is replaced by a morphological modified image gradient G m and the image-data criterion is strengthened through the square of G m :
where g m (p) and n(p) denote the modified image gradient unit vector and the normal vector of the snake at the point p, respectively. To obtain the morphological modified image gradient G m , we follow the procedure described in the next subsection. 
Morphological Operations for the Definition of the Snake External Energy
In order to preserve the most important regions, and thus the most salient edges, of each frame of a video sequence, we utilize some morphological operations leading to the proposed modified image gradient, used in eq. (12), exploiting some well-known advantages, mostly appearing in morphological watershed image segmentation 28,24 .
Image Pre-filtering:
To obtain the modified image gradient, we first pre-smooth the image (video frame) with a non-linear morphological filter, called ASF (Alternating Sequential Filter) 23 , and we extract the morphological image gradient. The ASF used in our model is based on morphological area opening (•) and closing (•) operations with structure elements of increasing scales. More specifically, let us denote by S i , i=1,...,8, the 2-pixel connected line segments oriented at 45(i-1) degrees, and by nS i the corresponding (n+1)-pixel elements of size n=1,2,3,.... The openings α n and closings β n that make up the filter are the following: β n (I)(x, y) = min i∈ [1, 4] [
and the ASF ψ n is given by the following cascade: Fig. 4 illustrates an example of structure elements of different orientation and increasing scale, used for the construction of the ASF utilized in our implementation. It should also be noted that structure elements of only four orientations could be used, i.e. 0 o , 90 o , 180 o , 270 o , to reduce time complexity, but the obtained results would be of lower accuracy. The main advantage of such filters is that they preserve line-type image structures, which is impossible to be achieved with such methods as median filtering 23 . Also, this filter is considered to be the most appropriate one, since it can handle random noise, without smoothing edges. Fig. 5 illustrates a comparison between the proposed ASF, a median and a Wiener filter, and as can be clearly seen, noise is successfully eliminated in all cases, but only ASF preserves the most important edges of the examined image. 
Morphological Modified Image Gradient Extraction:
The next step is to extract binary markers of the image, which is a part of the Watershed transformation in image segmentation problems 24 . These markers m are used for the extraction of the modified image gradient G m , through a geodesic erosion reconstruction of the image gradient G; the procedure is based on successive morphological conditional erosions of the markers, so that they constitute the only local minima of the image gradient:
where B is a symmetric structuring element of radius 1, k is the number of the successive operations, and " " and " " denote the flat erosion and supremum operations, respectively 25 . More specifically, from the initial image I, a constant h is subtracted (Fig. 6 ) and a morphological procedure called "grayscale reconstruction opening" is applied to the initial and the resulting image; what actually happens is the expansion of the intensity function I − h, until it reaches the function I. The obtained image is subtracted from the initial one, I, and the result is an image J that contains only the local maxima of I. In order to preserve only the most important maxima of I, a threshold, usually equal to h/2, is used and the resulting image consists of the binary markers of the image I, representing its most important maxima. The same procedure is followed to extract the binary markers that represent the image's most important minima. Finally, after combining the binary marker images into one, a geodesic erosion reconstruction of image gradient G is computed, according to the eq. (16), as illustrated in Fig. 7 . Regarding the constant h, a reasonable choice is 0.1 ≤ h ≤ 0.3, considering the image intensity function normalized in the interval [0, 1]. This constant is only used for the extraction of the binary markers, representing the most important maxima and minima of the examined image and it can be experimentally verified that the choice of h is not crucial for the results of the geodesic erosion reconstruction, which follows the binary markers extraction. Fig. 8 illustrates the differences between the two image-data criteria |∇G σ * I(x i , y i )| and G m , presented in eqs. (4) and (12) . It can be seen in Figs. 8(b,c) that the proposed procedure clearly suppresses noise and retains the most important edges of the examined image, whereas Figs. 8(d,e) illustrate the difference between image gradient and the proposed modified gradient distributions, computed along a randomly selected image row. Since only the most important image regions are preserved in the proposed modified gradient, some details inside the object region are eliminated, especially when pre-smoothing is applied, which is actually of no importance, even if some regions are merged together. The reason is that even in such cases, the snake internal energy does not allow great local deformations of the moving object contour, as it will be explained in the proposed tracking approach.
The Proposed Tracking Approach
This Section addresses tracking of moving contours in a video-stream. Specifically, given a sequence of images in which a known object of interest is in motion, the goal is to track the object's silhouette across time-varying images. A variety of applications take advantage of object contour tracking: video analysis, crowd surveillance, human-computer interaction, robotics, automated analysis of human organ performance as well as standardizing issues related to MPEG-4 and MPEG-7. Besides, tracking provides a good basis for high-level tasks of computer vision like 3D reconstruction and 3D representation. During the last decade, a great variety of tracking algorithms have been proposed. They can be divided into two main classes: (a) the motion-based approaches that rely on grouping motion information over time 27 and (b) the model-based approaches that impose high-level semantic representation and knowledge 11, 20 . In both cases, tracking is performed utilizing geometrical or region-based properties of the tracked object. In this context, there are mainly two approaches being followed: boundary based (edge-based) methods 16, 19, 26 , which rely on the information provided by object boundaries, and region-based ones 27,2 , which rely on the information provided by the interior area of the tracked object. The main issues that tracking approaches are called upon to cope with are the following: (a) non-rigid (deformable) moving objects, (b) moving objects with a complicated (not smooth) contour, especially for boundary-based methods, (c) object movements which are not simple translations, but also include rotations and motion towards the camera capturing the sequence, (d) sequences with complex background (common case in natural sequences), and (e) sequences with strong existence of temporal clutter and external lighting changes. The latter has been a motivation for many researchers, especially in the last years, to follow probabilistic approaches, e.g 34 . In the following we describe the proposed approach, which aims to cope with the above mentioned problems, and especially with the presence of clutter and external conditions changes. The proposed method mainly consists of two steps: the extraction of the "uncertainty regions" of each object in a sequence, and the estimation of the mobile object contours. The term "uncertainty regions" is used to describe the regions in a frame, where moving contours are possible to be located, whereas the estimation of the contours consists of an energy minimization procedure based on the proposed snake energy terms, described in Section 2. More specifically, the contour of a moving object is estimated first in a few successive frames of a sequence; this can be achieved with appropriate parameter initialization utilizing the proposed snake model. Then, for the next frames, a force-based approach is being followed to minimize the total snake energy inside the respective uncertainty regions, which are extracted using the motion history of each point of the contour. The force-based approach is adopted as an alternative to direct energy minimization, to reduce computation complexity. Given the proposed snake model presented in Section 2, the first step is to extract the uncertainty regions around the snake initialization, using the motion history of the tracked contour (curve points' displacements in previous time instances): the previously estimated contour is deformed according to the previously calculated point movements, to obtain snake's initialization for the next frame, and the standard deviation of each point's mean motion is calculated; the uncertainty region around each initialized point is then defined in terms of its corresponding standard deviation. The next step is to oscillate each point of the curve inside its corresponding uncertainty region, until it reaches the minimum of a criterion, which is defined by the snake's energy terms described above. As it will be explained, the direct energy minimization procedure is of high complexity, even if constrained in a narrow band round the snake initialization, and thus we convert the energy terms into respective forces, applied on the curve in order to make it converge to the moving object boundaries. It should be mentioned that this force-based approach is followed in a steepest descent manner and does not ensure that the snake's final position corresponds to its energy total minimum, but provides a good approximation of it.
Snake Points Motion Estimation
In order to extract the snake initialization and the respective uncertainty regions around it for each next frame of an examined video sequence, as briefly described above, we estimate the snake motion utilizing an appropriate existing technique. The correct extraction of moving edges in terms of position and direction is important and aids the accurate estimation of an object's position from the current to the next frame 38 . Several existing techniques are able to adequately cope with the difficult problem of optical flow recovery given that their assumptions hold. The challenge is to achieve high robustness against strong assumption violations commonly met in real sequences. We adopt the motion estimation technique proposed by Black et al. 3 as an efficient tool for overcoming these violations. They reformulate the objective function, which consists of the optical flow equation and the spatial coherence constraint, in order to include the robust statistics tools 14 in an almost straightforward way. They simply take the standard least-squares formulation of optical flow and use a robust estimator instead of the quadratic one. This approximation is then minimized using a coarse-to-fine (multiresolution) simultaneous over-relaxation technique. The proposed reformulation results in an area-based regression technique that is robust to multiple motions due to occlusion, transparency or specular reflections and compensates for over-smoothing and noise sensitivity. Let us consider the contour of a moving object, located in the I-th frame (I > 1), of a video sequence as a vector of complex numbers, i.e.,
where
is the location of the k-th point of the contour, and (x k , y k ) is the respective position on the image plane. We define the instant motion of the k-th point of the object contour, computed in the I-th frame, as:
where M F (I−1,I) (x k , y k ) is the motion vector of the point (x k , y k ) estimated with the adopted technique, between the successive frames I − 1 and I. Thus, the snake instant motion between these frames is,
Uncertainty Regions Extraction
The minimization procedure of snake's total energy is actually a problem of picking out the "correct" curve in the image, i.e., the curve which corresponds to the object of interest among a set of candidate curves, given an initial estimate of the object's contour. In this subsection we propose a way to determine a region/band around the snake initialization, for each frame of a video sequence, in which the correct curve is located. This idea is not new, as stochastic models have been lately proposed in the literature, mostly as shape prior knowledge 35 , to define possible positions of the curve points around an initialization. In the same direction, we introduce here the term "uncertainty region", which denotes that the minimization procedure (or the picking out of the correct curve) takes place inside that region, constraining the problem inside a narrow band around the snake initialization. Such regions are extracted by exploiting the motion history of the tracked contour, extracting statistical measurements of it, which is obtained using the technique described in the previous subsection. Based on the definitions of eqs. (17), (18) and (19) , given in the previous subsection, we define the mean movement of contour C up to frame I as:
is the corresponding mean movement of the k-th point of the contour. Similarly the standard deviation of contour's mean movement is defined as:
Probabilistic Boundary-Based Contour Tracking with Snakes in Natural Cluttered Video Sequences 15
is the standard deviation of k-th point's mean movement. In practice, eqs. (21) and (23) are computed based on the last L frames so as to take into account only the recent history of contour's movement, i.e.,
The initial estimation (initialization) of the object's contour C (I+1) init in the next frame frame I + 1 is computed based on contour's current location and its mean motion, i.e.,
while its exact location
is obtained by solving the following equations:
where K (C (I) ) (k), K (r) (k) and DV (C (I) ) (k), DV (r) (k) are the curvature and the point density values of the contour C (I) and the curve r ∈ R at the k-th point, respectively. Parameters w 1 and w 2 represent the weights with which the energybased terms of eq. (27) participate in the minimization procedure. R is a set of curves created by the stochastic process: where z ∈ Z N is a vector of random complex variables, each of which follows a zero mean gaussian distribution. In particular:
The set of all possible curves R emerge by oscillating the points of the curve C c,k = 0 and the previous case holds regarding its uncertainty region. On the other hand, if point k was oscillating in the previous L frames, the standard deviation of its movement is high and consequently its uncertainty region is wide. Fig. 10 illustrates the proposed approach in steps, in the case of a car tracking. Figs. 10(a) and (b) present two successive frames, I and I + 1, of a car sequence, whereas in (a) the car contour C (I) is shown and in (b) the snake initialization C (I+1) init is estimated, according to eq. 26. Fig. 10(c) illustrates the amplitude (3s
c,k ) and the direction (normal to the snake initialization) of each point k oscillation. In Figs. 10(d) and (e) the snake's uncertainty regions are extracted, and in Fig. 10(f) the object contour C (I+1) is estimated, after the minimization of eq. (27) . However, there is a case, where the extraction of the uncertainty regions may lead to false results, in the localization of the possible positions of the object contour in the next frame. This problem occurs when rapid changes in the examined scene occur, e.g when an object remains static for a large number of frames (≥ L) and suddenly starts moving, or when a moving object rapidly accelerates. This problem could be solved using higher order statistics, which is a task of future work.
Force-Based Approach
The minimization of the eq. (27) init(k) inside the extracted uncertainty region U, assuming that M is the same for all points, then the number of all possible curves r ∈ R generated by points' oscillations is M N . In order to avoid that problem, and to avoid re-parametrization along the snake, i.e re-arrangement of the snake points along the curve so as to establish point correspondences between successive frames, we propose a force-based approach, instead of using a dynamic programming algorithm, where the energy terms, participating in the snake energy function, are transformed into forces applied in each curve point so as to converge to the desired object boundaries. Let us consider the initialization of the object's contour in the frame I + 1, i.e C 
We define the following forces at each point k:
represents the stretching component that forces points to come closer or draw away from each other along the curve, and it is always tangential to it. Thus, if the distance between two curve points C
and the k-th point of C (I+1) init tends to draw away from the (k + 1)-th one; otherwise,
< 0 and the k-th point is forced to come closer to the (k + 1)-th one.
represents the deformation of the curve along its normal direction. The property of the curvature distribution to take low values where the curve is relatively smooth and high values where the curve has strong variations, makes F c force curve to the initial shape (the one in the previous frame) and not to a smoother form. Moreover, we exploit the curvature's property to be positive where the curve is convex and negative where the curve is concave. Fig. 11 illustrates the directions of F c and F d along a curve. These forces represent the internal snake forces that deform the curve C (I+1) init according to the shape of the contour C (I) in the previous frame. The constraint of such a deformation is actually the external energy E ext , which is transformed into force as described in the following. Given the snake's uncertainty region U, depending on the standard deviation of the curve's mean movement, for each point k we define a function g m,k (p), constituting of all pixels p = x p +j ·y p of the modified image gradient G m , inside the uncertainty region U, lying on the line segment that is defined by the normal direction of the 
The maximum of this function determines the most salient edge-pixel in the line segment defined above and thus defines the direction of the external snake force:
where sgn k denotes the sign/direction of the external force to be applied on the k-th point. Then, the external snake force for each point k is given by: In the definition of this force we exploit the advantage of G m against |∇G σ * I|, to preserve the most important edges, as shown before, and thus the problem of the existence of many local maxima in eq. (36) is eliminated. In the above described force-based approach, the minimization of eq. (27) can be approximated by using the internal and external snake forces, in an iterative manner similar to the steepest descent approach 12 , as it is summarized below. In particular, let C (I+1),(ξ) be the estimated contour in the ξ-est iteration; then, with the initial condition
init , the following equations hold:
(k) and F init ). The final contour C (I+1) is obtained when one of the following criteria is satisfied:
, where
a is a positive constant in the range 0 < a < 1. When a is selected to be close to one then C (I+1) is more likely to correspond to a local minimum solution; lower values of a increase the number of iterations and, therefore, the execution time. The statistical approach we follow to estimate the regions of uncertainty allows for the use of a close to 1. (b) the maximum number of iterations is reached. In this case
It must be noted that the use of the proposed steepest descent approach does not ensure that the final contour corresponds to the solution of the eq. (27) . However, under the constraints we pose, even if C (I+1) corresponds to a local minimum, it is close to the desired solution (global minimum).
Implementation Issues
In this subsection, some clarifications about the proposed approach are stated, so as to make its implementation straightforward. Time window L: As shown in eqs. (24) and (25), the mean motion and standard deviation of each point of the tracked contour are computed in order to extract the uncertainty regions. If I is the current frame of an examined sequence, then the contour of the desired object in the previous L successive frames is needed in order to calculate the L − 1 displacements of each point of the curve (eq. (18)). The frame-window L is usually set to values varying from 5 . . . 15 frames according to the number of the available frames. For a given number of L past frames, if the movement of the desired object is rapid, the extracted uncertainty regions are large due to the high standard deviation of its motion; otherwise, if object movement is slow, the extracted uncertainty regions are small and the new positions of the curve points do not vary much from the previously estimated ones. First L frames: Regarding the first L frames of the examined sequence, for the estimation of the snake initialization, the mean motion of each point of the snake is calculated according to the eq. (21), given the motion fields estimated in the past (≤ L) available frames. Regarding the snake initialization in second frame of the sequence, and assuming that the examined object contour is known for the first one, the mean motion is actually the motion between these two frames. In the same direction, and to ensure that the extracted uncertainty regions contain the solutions, the motion standard deviation is directly (manually) initialized in a relatively high value (the same for all points of the curve) and consequently the corresponding uncertainty regions are widely extended round the snake initializations. This may result in inaccurate contours, mainly due to some salient background edges close to object boundaries, which remain after image pre-filtering and the morphological operations described in subsection 3.1, for the extraction of the modified image gradient. This problem occurs when the motion history information is poor, but it is overcome while the motion history gets "enriched" along the time. Weights [w 1 , w 2 ]: In eqs. (27) and (41) the internal and external energy/forcebased terms participate in the minimization procedure/convergence with weights w 1 and w 2 . The choice of appropriate values for these weights is not crucial for the method's performance, but they should be set in values depending on the amount of the background complexity and the smoothness of the object silhouette. For sequences with relatively smooth background (without any significant edges, or edges far from object boundaries) the external energy/force is used as a reliable criterion and thus w 2 is set to higher value. Moreover, if the contour of the tracked object is complicated (not smooth) or noisy, the internal energy/force terms (based on curvature and point density) are not reliable and thus are set to lower values. Practically, it suffices that these weights are proportional to the values 1, 10 or 100. A practical way to automatically estimate these weights, is the calculation of the snake/curve zero crossings (zero points of the second derivative of the curve or the curvature), for w 1 , and the calculation of the mean value of the modified image gradient inside the extracted uncertainty regions, for w 2 , and appropriate thresholding of the results. Thus, noisy or complicated contours result in large numbers of curvature zero points, whereas remaining background edges inside the extracted uncertainty regions result in higher values of the modified image gradient. In this way, these weights are not fixed for the whole sequence, but they are adjusted in each frame.
Experimental Results
The performance of the proposed approach was tested over a large number of natural sequences. In the experiments a Matlab implementation on INTEL PIII, 500MHz, PC was used. Table 1 , presents the execution time of the proposed method, when applied to two successive frames of the sequences (corresponding to Figs. 12-16), with respect to the frame size, the tracked object (its rigidity), the adopted time-window L (number of past successive frames) and the existence of clutter and background complexity. The respective weights [w 1 , w 2 ] of the energy minimization, or the force-based snake convergence, are also shown in this Table. Fig. 12 illustrates the case of tracking an object with complicated contour (low smoothness) moving in front of a relatively smooth background. In such a case, weight w 2 of eqs. (27) and (41) must be significantly greater than w 1 ([w 1 , w 2 ] = [1, 100] ). In this case the desired object (aircraft) is moving towards the shooting camera and even if the object is rigid, its projection on the image plane is deforming (its contour expands), as time passes. In Fig. 13 the case of car tracking in six successive frames of a traffic sequence is presented. In this example the desired object (car) is moving towards the camera and although it is rigid, its projection on the image plane is slowly deforming along time, as in the previous example. In this case, the background is relatively smooth close to object boundaries, and the car silhouette is not complicated. Therefore, the weights are [w 1 , w 2 ] = [1, 10] and the frame window is set to L = 10. Fig. 14 illustrates the method's performance in a strongly cluttered sequence, where the object is non-rigid and its motion projection is both rotational and translational rather than a simple translation or expansion/shrink. The accuracy of the method in such a case is mainly based on the snake's external energy definition through the ASF filtering and the image modified gradient estimation, although the extracted uncertainty regions are wide. It must be pointed out that in cases with strong existence of noise and weak object edges, w 1 must be significantly greater than w 2 ([w 1 , w 2 ] = [100, 1]). In Fig. 15 , the proposed approach is applied to a strongly cluttered sequence, where the desired object is a man walking in one direction. The contour of the moving human body is deforming along time, and therefore the choice of L = 10 results to large uncertainty regions, whereas the weights w 1 and w 2 are set to values 100 and 1 respectively, due to the existence of temporal clutter. The accuracy of the method is again based on the snake's external energy definition through the image modified gradient utilization and the ASF pre-filtering. Finally, Fig. 16 illustrates twelve successive frames of a sequence presenting a soccer player receiving a handoff and getting ready to give a quick kick. The object being tracked in this case is the ball, which rapidly changes its direction of movement, when the player receives and kicks the ball. The desired object is rigid with smooth contour and the background provides smoothness close to the object boundary; on the other hand, the intense shadows of the ball and the player, due to the strong lighting of the soccer field, is the main source of possible inaccuracies. To reduce the side effect of the shadows, we choose [w 1 , w 2 ] = [100, 1], whereas, due to the rapid change of the ball's direction of movement, the choice of L = 10 results to large uncertainty regions at that time instance. Automatic estimation of the values of constants w 1 and w 2 is an important task and the authors are currently working towards this direction, taking into account the description given in subsection 4.4.
Conclusions and Further Work
In this work we deal with the challenge of object tracking in clutter with an edgebased model. We proposed a probabilistic snake-based approach for tracking con-
(g) (h) (i) (j) (k) (l) Fig. 16 . A ball being tracked in a soccer sequence. The background is relatively smooth close to the ball, but the direction of the ball's movement changes rabidly, whereas there is intense player and ball shadows; therefore, since the ball remains rigid (circular shape) along the time, the chosen weights are [w 1 , w 2 ] = [100, 1] tours of moving objects even in cluttered natural sequences. The introduced internal snake energy, based on curvature and point density distribution, gives a description of object shape and deformation, while the external energy, based on morphological operations, ensures that the resulting curve stops at the desired object boundaries.
The tracking problem is posed as a procedure of a stochastic generation of curves and picking out the one that minimizes the summation of three terms, defined by the snake internal and external energies. Statistical measurements of the object contour motion history are extracted to obtain snake initializations and uncertainty regions, in which the estimated contours are to be localized. In this way we constrain the solution in narrow bands around the next frames snake initializations. The snake motion is estimated according to an existing technique, which eliminates the effect of noise. In order to avoid computation complexity and to solve the point correspondence problem, we follow a force based approach, converting energy based terms into respective forces, and thus the minimization procedure is approximated by a force-based curve evolution, inside the extracted uncertainty regions. The proposed method has been successfully applied in natural sequences with strong existence of clutter and in sequences where objects move arbitrarily, whereas it is currently being applied to a video analysis framework, utilizing MPEG-7 visual descriptors. Since in the last few years it has been clear to researchers that the utilization of both edge and region-based information performs better than the use of only one of them, we are currently working in that direction to cope with various fundamental and common problems in object tracking; thus, we are working on some modifications of the proposed method, in order to cope with object partial occlusions and abrupt motions. In particular, we are examining a rule-based approach, where the separation between moving objects and background, as well as occlusion detection, are achieved by introducing region motion information in the proposed model. A step further is to introduce prior knowledge about the shape and the possible deformations of the tracked objects, for specific applications, such as human lip tracking for lip reading. In the same direction, motion detection/segmentation, texture-based, and motion-based features (optical flow) to yield the correspondence and free the model from the initial conditions can be considered. A coupled Geodesic Active Contour framework that incorporates different information forms (boundary, region) of different nature (edges, intensities, texture, motion) is the future direction of our work.
